Abstract: Characterizing the spatial distribution of tree mortality is critical to understanding forest dynamics, but empirical studies on these patterns under old-growth conditions are rare. This rarity is due in part to low mortality rates in old-growth forests, the study of which necessitates long observation periods, and the confounding influence of tree in-growth during such time spans. Here, we studied mortality of red pine (Pinus resinosa Ait.) in five old-growth stands in Minnesota, USA, demonstrating the use of preexisting information of cohort age structures to account for in-growth after the most recent cohort establishment. Analyses of spatial point patterns, using both Ripley's K-function and the pair correlation function, showed that tree mortality was essentially a random process, without evidence of contagious mortality patterns that are often expected for old-growth forests. Our analyses further demonstrated in practice that the distribution of dead trees may differ from that of the tree mortality events, which are constrained to occur within the initial distribution, and how mortality patterns can shape the spatial distribution of mature living trees, often attributed to aggregated regeneration patterns. These findings emphasize the need to disentangle the influence of the initial distribution of trees from that of actual tree mortality events.
Introduction
Death of mature trees is a fundamental process driving old-growth forest dynamics, and its spatial distribution strongly influences the dynamics of forest structure and composition. Tree mortality changes the distribution of living (i. e., surviving) trees, determines the distribution of regeneration substrates (such as deadwood and soil pits and mounds), and alters the allocation of growing space within and among populations . Spatial and temporal patterns in the release of growing space determine which species have the potential to establish and grow and thus regulate tree species composition. However, despite its fundamental importance to natural forest development, the spatial distribution of tree mortality has only rarely been studied in the mature tree populations occurring in old-growth forests. Such information is needed for interpreting historical forest stand dynamics (Fraver and White 2005; Aakala et al. 2007) , for determining forest restoration targets (Larson and Churchill 2008) , for developing templates for the application of ecological forestry practices (Palik and Pederson 1996) , and for refining, calibrating, and testing forest simulation models (Coates et al. 2003) .
The spatial distribution of tree mortality is determined essentially by two factors: the distribution of living trees and the distribution of the tree mortality events among those trees. The initial distribution of living trees provides the matrix within which tree mortality occurs and thus limits the extent and spatial pattern of tree mortality (Little 2002; Aakala et al. 2007) . Within these limits, the spatial distribution of tree mortality is then influenced by a number of factors, including the characteristics of mortality agents and the varying predisposition of trees to these agents (Manion 1991) . Exogenous disturbances are often considered to be important drivers of forest stand dynamics. Many such disturbance agents occur in contagious spatial patterns (Harmon et al. 1986 ), owing to the agents' biology (e.g., the spread of pathogenic fungi or insects from an epicenter) or their physical nature (e.g., storm downbursts). However, it is known that in many forest types, background mortality, i.e., mortality that occurs outside distinct disturbance events, can be a more important process structuring old-growth forests . Rigorous empirical evidence documenting the spatial patterns of tree mortality in old-growth forests is scarce, and these hypotheses remain largely untested.
Background mortality occurs at a very low rate. Therefore, long time spans are needed to elucidate its patterns, but at such time scales, tree in-growth (the gradual accrual of newly established trees) can confound the interpretation of the initial living tree distribution, thus undermining proper analyses. However, if in-growth can be accounted for, spatial patterns of tree mortality can be analyzed following the random mortality hypothesis testing approach, which entails an analysis of the spatial distribution of tree mortality events within a fixed initial distribution of trees (Kenkel 1988) . This approach provides stronger inferences regarding tree mortality than those derived from comparisons of the contemporary living tree distribution with the dead tree distribution (Goreaud and Pelissier 2003) , which is a less powerful, yet more commonly taken approach.
In this study, we used preexisting information on tree age structures to overcome the limitation of tree in-growth to produce more rigorous analyses of spatial patterns of tree mortality. We applied this approach in five old-growth red pine (Pinus resinosa Ait.) dominated stands in northern Minnesota, USA. Red pines on these sites form distinct age cohorts, which have most likely established following dated wildfires (Fraver and Palik 2012) . This allowed us to rule out the confounding effects of in-growth after the establishment of the most recent cohort. We further assessed the patterns of living and dead trees to demonstrate how tree mortality had changed the spatial distribution of living trees and the resulting spatial distribution of dead trees. In doing so, we compared two commonly used methods of spatial point pattern analysis, Ripley's K-function (Ripley 1977 ) and the pair correlation function.
Material and methods

Study sites
The data employed in this study were derived from Fraver and Palik (2012) , which addresses cohort age structure in seven remnant old-growth red pine forests in Minnesota. We excluded two of the seven sites because of insufficient numbers of dead red pines for analysis. Exploratory analyses revealed that a minimum sample size of 30 dead trees (i.e., mortality records) was necessary; smaller sample sizes produced only trivial changes to the spatial distributions of surviving trees. The five sites employed in the current study were Lac La Croix Research Natural Area, Ramshead Lake, Voyageurs Island, Pine Point Research Natural Area, and Sunken Lake Research Natural Area (Table 1) . These five sites are located in two ecological sections following the national hierarchical framework of ecological units (Cleland et al. 1997) : Lac La Croix, Ramshead Lake, and Voyageurs Island are located in the Northern Superior Uplands, while Pine Point and Sunken Lake are located in the Northern Minnesota Drift and Lake Plains. The former section is characterized by glacially scoured bedrock overlain by thin, coarse loamy tills; the latter section is characterized by complex juxtapositions of ice-contact, fluvioglacial, and lacustrine deposits, with soils typically deeper than those of the former section. In addition to these substrate differences, sites on the Northern Superior Uplands were subjected to a severe windstorm in 1999. Taken together, these differences likely influence tree spatial distributions, and they contribute to site-site variability.
All five sites show distinct two-or three-cohort red pine age structures (Fraver and Palik 2012) , with cohort establishment mainly following dated wildfires. No additional red pine in-growth has occurred following the most recent cohort establishment 104-213 years ago (depending on site). Sites are dominated by red pine, although other species, particularly eastern white pine (Pinus strobus L.), also occupy main canopy positions.
Field data collection
At each site, we established one 70.7 m × 70.7 m plot (0.5 ha) placed in the geographic center of the stand to avoid edge effects and subjectivity in plot placement. Within each plot, we recorded diameter at breast height (1.37 m), species, and X and Y coordinates for all living and standing dead trees (stems ≥10 cm diameter at breast height). Similarly, for down woody debris pieces greater than 10 cm diameter, we recorded species (when possible), diameters at large and small ends, length, and X and Y coordinates (pines only, recording the former rooted location). For both living and dead pines (when possible), we extracted one increment core near the base to estimate age. Cores from dead pines were cross-dated against the living tree chronology to arrive at establishment dates.
Statistical analyses
Stem maps with locations for all living and dead red pines on the five plots allowed us to analyze tree spatial distributions in these old-growth stands. To this end, we used the widely applied Ripley's K-function (Ripley 1977) and complemented it with the pair correlation function g(r) (Stoyan and Stoyan 1994) . The empirical K-function quantifies a spatial point pattern by giving an expected number of individu- als within a given distance r from a randomly chosen individual (for details, see Goreaud and Pelissier 2003) . In our analyses, we used the L-function, which is a square root transformation of the K-function that stabilizes its variance and equals zero under complete spatial randomness (Goreaud and Pelissier 2003) . L(r) suffers from a caveat associated with its cumulative nature: inferences about the patterns at specific scales can be biased (Perry et al. 2006) . Thus, we complemented L(r) with the pair correlation function g(r), which can be interpreted as a noncumulative version of L(r).
It has the potential to more accurately determine the exact scales at which deviations from the null pattern occur (Perry et al. 2006) . In computing g(r), we relied on the implementation by Baddeley and Turner (2005) in which an estimate of g(r) is computed using smoothing splines to approximate the derivative of the L-function at specific distances (for details, see Baddeley and Turner 2005) . Using both the L(r) and g(r), we first analyzed the univariate spatial distributions of current living trees, L live (r) and g live (r), the distribution of current dead trees, L dead (r) and g dead (r), and the initial distribution of living trees (current living and dead trees combined), L initial (r) and g initial (r). Second, we quantified the spatial distribution of tree mortality events by calculating the difference between the univariate functions L initial (r) -L live (r) and g initial (r) -g live (r). Any shift in the distribution in living trees without in-growth is essentially a thinning process. It can be shown that under randomly occurring tree mortality, L live (r) = L initial (r), i.e., the difference between the two is zero (Goreaud and Pelissier 2003) . Positive deviations from zero, i.e., L initial (r) > L live (r), would indicate that there are fewer living trees within distance r (current distribution of living trees) than in the original distribution L initial (r), which would result from aggregated tree mortality. Negative deviations would indicate repulsion, i.e., that tree mortality was less likely to occur within distance r from another tree mortality event. The same applies to the g-function, as it is essentially a noncumulative version of the Lfunction.
In addition to quantifying the global spatial pattern of tree mortality (sensu Fortin and Dale 2005) on each site, we computed local versions of the L-function for tree mortality. Earlier studies have shown that global patterns can contain heterogeneous internal regions (Perry et al. 2006; Larson and Churchill 2012) . The local version can thus be used to detect within-stand pattern variation, to reveal spatial trends in the data, and, when aggregation is detected, to show the distribution of clusters within the stand. We thus complemented the global pattern analysis
following the approach by Getis and Franklin (1987) . In this analysis, L(d) is computed separately for each tree, which can also be considered as the individual summands for the global L-function (Baddeley and Turner 2005) . We displayed the results as a map, which aims to reveal specific regions of variation in the pattern within the stand. In analyzing patterns of mortality, the intensity l (number of points per area) of the initial distribution differs from the current living tree distribution (fewer points in the same area). The local L-functions for the current living tree distributions were thus scaled so that under random mortality, the expectation would be
This scaling was done to make the interpretation similar to that of the global L(r). The scaling factor was the ratio of the intensity of the two patterns, i.e., l live /l initial . Hence, for the local analysis, the expected value under random mortality of
In the following sections, it is important to note the distinction between the spatial distribution of dead trees (i.e., the location of structural elements within the stand) and the spatial distribution of tree mortality events, which refers to the arrangement of dead trees within the joined distribution of all living and dead trees within the fixed population of trees (i.e., the spatial occurrence of the mortality process within the initial population).
In the first three analyses (i.e., analyses for the living, dead, and initial tree distributions) for both the L(r) and the g(r), we tested the statistical significance of deviations from complete spatial randomness, created with Monte Carlo simulations (i.e., to test if the observed distribution could be the result of a random processes). For the distribution of tree mortality events, we tested for the departures from random occurrence within a fixed population using the random labeling approach. For this, the location of all trees (the initial distribution) was held constant, the events (number of dead trees) were randomly reassigned to these fixed locations, and the functions were calculated for that data set (Goreaud and Pelissier 2003) . In all cases, the significance of the departures from random was then assessed in 3 m distance classes (1-4, 4-7, 7-10, 10-13, and 13-16 m) using the goodness-of-fit statistic developed by Loosmore and Ford (2006) . Due to multiple tests, we used Bonferroni-corrected significance levels (five comparisons in each five sites, significance limit p = 0.002). In contrast, most earlier studies have based statistical tests on the critical bands from the Monte Carlo simulations, which can inflate type I error rates (Loosmore and Ford 2006) . We instead based our interpretations on the goodnessof-fit statistics, but nevertheless also present the critical bands to aid in interpretation of the results and for comparisons with earlier studies.
The exact p value in the goodness-of-fit statistic of Loosmore and Ford (2006) is subject to uncertainty, with the amount of uncertainty decreasing with increasing number of simulations. To confine this uncertainty so that the actual p value of the test statistic lies within an arbitrarily defined 0.0005 unit (95% confidence limits) of our p value of 0.002, we simulated the random patterns 30 671 times (see Loosmore and Ford (2006) for the number of simulations needed to reach a desired level of uncertainty). Hence, with this number of simulations, the actual p value can be assumed to lie between 0.0015 and 0.0025.
All analyses were done using R (R Development Core Team 2011). The global and local versions of the L-functions, the pair correlation functions, as well as the Monte Carlo simulations were computed using the spatstat package in R (Baddeley and Turner (2005) following Baddeley (2008) ).
Results
Red pine mortality events were spatially random in all five sites; that is, the change in the pattern L(r) of living (i.e., surviving) trees did not differ from that expected from a random occurrence of mortality in the initial population (p values ranging between 0.06 and 0.99) (Fig. 1) . The results from the g(r) yielded findings similar to L(r) analysis, with p values ranging from 0.04 to 0.99 (Fig. 1) .
The local version of the L-function values for the distribution of tree mortality (i.e., the change in the pattern from initial to current living trees) was used to complement the global pattern analysis. It was evident that the intensity of change in the pattern was distributed across the plots, supporting the random mortality patterns detected in the global analysis (Fig. 2) . At the smallest scale tested (intertree distance = 3 m), there were several regions visible with stronger change, indicative of within-site spatial variability. However, these were not confined to specific portions of the study area but were scattered throughout the distribution of initial red pines across the plots. The patterns were similar also on the larger scales (distances of 9 and 15 m).
Importantly, red pine mortality had occurred over a wide range of diameters (Fig. 3) . Although on several sites, tree mortality appeared to be more prevalent in smaller diameter classes, in none of the sites did the diameter distributions of dead versus living trees differ significantly (KolmogorovSmirnov two-sample test, p >> 0.05 in all cases). This finding also justifies testing the observed distributions using random labeling, as primarily competition-driven mortality of smaller understory trees would have warranted an alternative null hypothesis and analytical procedure (e.g., Das et al. 2011) .
The spatial patterns of dead trees within sites showed more variability than the patterns of tree mortality events (Fig. 4) . Dead trees at Pine Point, Ramshead Lake, and Voyageurs Island showed no significant deviations from random patterns (p values between 0.32 and 0.67). On the other two sites, dead trees were more aggregated than expected (p < 0.002) at larger intertree distances: at Sunken Lake from 10 m onwards and at Lac La Croix from 7 m onwards. The results from g(r) corroborated the L(r) results of dead tree aggregation but also revealed that this aggregation was limited to the 10-13 m distance class at Sunken Lake and the 7-10 m distance class at Lac La Croix.
The L(r) of the initial distribution (living plus dead) showed significant aggregation on all sites (Fig. 5) . At Pine Point, this occurred throughout the analyzed distance classes (from 1 to 16 m) and at Voyageurs Island from 1 to 13 m. Sunken Lake, Lac La Croix, and Ramshead Lake showed aggregation over larger distances, from 7 to 16, 7 to 16, and 10 to 16 m, respectively. Findings from the g(r) analysis were similar to the L(r) results for Pine Point, whereas g(r) implied no specific scales of aggregation for Ramshead Lake. For Sunken Lake, aggregation was observed at intermediate distance classes (from 7 to 13 m), and at Lac La Croix, aggregation was significant at the 7-10 m distance class. Voyageurs Island, on the other hand, showed an aggregated initial distribution only at the smallest analyzed distance class.
The L(r) of the currently living trees showed significant deviations from random on all distance classes at Pine Point and on the smallest distance class for Voyageurs Island (Fig. 5) . For Ramshead Lake, the deviations were significant at the greatest distance class analyzed, whereas the pattern did not differ from random at the Sunken Lake and Lac La Croix sites. The pair correlation function g(r) showed significant deviations from random at all distance classes at Pine Point and at the smallest distance class for Voyageurs Island. On the three remaining sites, the patterns did not deviate significantly from random.
As could be expected from random mortality, the changes in the patterns from the initial to current distribution of living trees were relatively minor (Fig. 5) . The only exception was at small distances for Voyageurs Island where the current living tree distribution differed greatly from the initial distribution at small intertree distances. Despite these seemingly minor differences between the initial and current patterns, Fig. 1 . Spatial distribution of red pine (Pinus resinosa) mortality events as a function of distance r in five old-growth forests, quantified with both L-and g-functions, showing random patterns at all sites. Statistical significance of deviations from random, computed using goodnessof-fit statistics, are shown as circles along the x-axis. Critical bands from the Monte Carlo simulations are shaded and shown for comparison with earlier studies; however, the goodness-of-fit statistics, not the critical bands, were used for statistical inference (see text). the deviations from random were more often significant for the initial distribution than for the current living distribution (Fig. 5) .
Discussion
In the mature red pine populations from old-growth stands examined in this study, mortality events have occurred randomly. This finding was consistent in all five sites analyzed as well as between the two different methods applied, the Land the pair correlation functions. Importantly, using preexisting information on red pine cohort age structure, we were able to disentangle the spatial pattern of the tree mortality events from the initial (living and dead) tree spatial pattern. That is, an aggregated distribution of dead trees was detected on several sites, despite the random patterns of tree mortality. Although it facilitates ecologically meaningful interpretations, the random labeling approach is rarely used, probably due to strict data requirements, namely the need to control for tree in-growth (the accrual of newly established trees). As a result, the interpretations of the detected mortality patterns have often remained weak relative to the strong potential of point pattern analyses (e.g., see Kenkel 1988; Svoboda et al. 2010; Das et al. 2011) . To overcome this limitation, the most obvious way to control for in-growth would be remeasuring of permanent plots; however, long-term measurements from natural populations are scarce. On our study sites, the cohort age structures (Fraver and Palik 2012 ) allowed us to rule out the influence of in-growth. It should be noted that these analyses relied on the assumption that the initial distribution (i.e., the joined distribution of living and dead trees as mapped in the field) represents the distribution of living trees after the establishment of the last cohort and the tree mortality events have occurred within this fixed population. There are two potential sources of uncertainty here. First, it is possible that some of the dead trees had died prior to the establishment of the last cohort. However, in all stands, the majority of the trees belonged to the latest cohort, and thus this influence was likely small. Second, although care was taken to map all dead trees, it is likely that some trees, particularly smaller ones, had decayed beyond recognition and hence went undetected. We assumed that such trees had died mainly from competition-driven mortality early in stand development and therefore were not part of our study population of mature, established red pines.
Recent studies have shown that these cohort-like age structures, often resulting from low-intensity fires, are more common than has traditionally been considered (Kuuluvainen and Aakala 2011) , thus permitting the use of the methods employed here. As such, the methods applied in this work for detecting spatial patterns of mortality are widely applicable to other regions and forest types where similar age structures and disturbance regimes predominate.
Rigorous knowledge of spatial patterns of tree mortality can potentially provide insight into the relative importance of the various mortality agents that drive forest dynamics. In pine forests of Minnesota, previous research has documented wind storms as an important cause of tree death (Bergman 1924; Frelich and Reich 1995) , and there is also evidence (largely anecdotal) suggesting that fungi in the Armillaria genus can cause considerable tree mortality (see also McLaughlin 2001) . If these agents were the dominant causes of mortality in the past, current forest dynamics theory would suggest aggregated mortality patterns (Nagel and Diaci (2006) , but see Filip and Goheen (1995) for evidence of spatially random Armillaria-caused mortality). Our findings thus suggest that tree mortality patterns have been more complex than expected. There is a number of additional potential causes of tree death that could have resulted in the detected random mortality; these include surface fires that can be patchy and variable in intensity even at these small scales (Thomas and McAlpine 2010) . As an example, reported random patterns of mortality after a prescribed fire in their study areas in Sierra Nevada. Nevertheless, our results were somewhat unexpected, given the expectation of aggregated tree mortality in old-growth forests (Franklin and Van Pelt 2004 ). Yet, the results were consistent with those of Getzin et al. (2006) and Das et al. (2011) , who observed random patterns of background mortality in conifer stands in western North America. Although those studies used different approaches to elucidate mortality patterns (such as tagged trees in permanent plots in Das et al. (2011) instead of cohort age structures), this range of findings underscores the need for more studies on the relationship between mortality agents and resulting spatial patterns.
The detected patterns of red pine mortality were surprisingly consistent across the two ecological sections, particularly given the pronounced differences in edaphic conditions and recent disturbance histories between these regions. In particular, the thin soils and small-scale patchy rock outcrops in the Northern Superior Upland sites (Lac La Croix, Ramshead Lake, and Voyageurs Island) no doubt influenced the initial tree distributions, as such heterogeneity has been shown to influence tree spatial patterns and demographics (Getzin et al. 2008) . While the 1999 windthrow around these sites may have been responsible for a number of tree deaths within these populations, the event did not result in the expected aggregated pattern of wind-induced mortality (Nagel and Diaci 2006) . Despite being consistently random across the sites, it is noteworthy that the shape of the global L-function did differ among the sites (as did the local L-function within the sites). This type of variability in process and structure is often expected in natural old-growth forests (Spies 2004) .
Living tree distributions deviated from complete spatial randomness, with a tendency towards aggregation. These deviations were significant at variable distances, depending on the site. Similar to the findings here, both random and aggregated living tree distributions have been reported for other old-growth conifer forests (Dobbertin et al. 2001; Aakala et al. 2007 ). Partially, in contrast with our findings, in cases where aggregation of living trees has been observed, it has primarily been associated with aggregated patterns of tree establishment (Sterner et al. 1986; Silla et al. 2002) . However, the pattern shifts, such as those seen at Voyageurs Island (i. e., that the current living tree distribution was more aggregated than the initial distribution (Fig. 5) ) suggests that an aggregated distribution of living trees can also be the direct result of the spatial distribution of tree mortality.
An important point regarding the comparisons of initial versus current living tree distributions was that although tree mortality was random and the changes in the patterns therefore minor, there were somewhat dramatic differences in the statistical significance of the function values when comparing the initial and current living tree distributions. Plotting the simulated distribution limits revealed that changes in statistical significance were associated more with a decrease in statistical power resulting from decreases in the number of points in the patterns than with actual changes in the distributions: the critical distribution limits changed more than the observed empirical distributions (Fig. 5) . Thus, although the simulated limits should not be used directly for inference (Loosmore and Ford 2006) , plotting them can provide information useful for interpreting the findings.
Contrary to mortality events, the spatial distribution of dead trees varied between aggregated and random. This finding demonstrates the importance of knowing the initial distribution of living trees, particularly how random mortality can give rise to aggregation of dead trees. Importantly, as our study clearly demonstrates, without knowledge of the initial tree distribution, aggregated patterns of dead trees can erroneously be attributed to aggregated mortality events. Because tree mortality had occurred randomly, it is evident that the processes governing the initial population spatial structure (environmental heterogeneity, regeneration pattern, and competition-induced mortality: Silla et al. 2002; Getzin et al. 2008; Das et al. 2011 ) have a long-lasting influence on the spatial structure of the sites. Both types of dead tree distributions, i.e., random and aggregated, have been previously reported (e.g., Parish et al. 1999; Aakala et al. 2007 ), yet they have rarely been evaluated with respect to the initial distribution of live trees.
Visualizations of the results of the univariate analyses (Figs. 4 and 5) clearly exemplified the differences in the L(r) and g(r) methods, which results from the cumulative nature of L(r) (Perry et al. 2006) . Aggregation in the initial and dead tree distributions at the Sunken Lake and Lac La Croix sites was detected with both methods but persisted at greater distances only in the L(r), while the g(r) implied that the deviations were in fact constrained to only one of the intervals analyzed. On the other hand, on several sites, the g(r) was unable to detect aggregation that was not pronounced at a specific distance but more a result of a gradual accrual of a higher than expected numbers of trees (under complete spatial randomness). In the light of these results, we support Perry et al.'s (2006) recommendation of using both functions in a complementary manner in quantifying spatial point patterns.
Finally, we note that our conclusions about the distributions of live and dead trees would have been different had we employed the critical bands from the Monte Carlo simulations as the basis for inference (Figs. 4 and 5) ; however, the conclusions regarding the spatial distribution of tree mortality events would have been similar, as random distributions prevailed also in the less conservative approaches (i.e., the observed distribution of tree mortality was within the critical bands). If anything, using the critical bands for inference would have strengthened our conclusions about randomly occurring background mortality, specifically demonstrating that an aggregated initial distribution can lead to aggregated dead tree distributions due to spatially random mortality.
